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Abstract. The recognition of gender from face images is an important
application, especially in the ﬁelds of security, marketing and intelligent
user interfaces. We propose an approach to gender recognition from faces
by fusing the decisions of SVM classiﬁers. Each classiﬁer is trained with
diﬀerent types of features, namely HOG (shape), LBP (texture) and raw
pixel values. For the latter features we use an SVM with a linear kernel
and for the two former ones we use SVMs with histogram intersection
kernels. We come to a decision by fusing the three classiﬁers with a
majority vote. We demonstrate the eﬀectiveness of our approach on a new
dataset that we extract from FERET. We achieve an accuracy of 92.6 %,
which outperforms the commercial products Face++ and Luxand.
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Introduction

In the last few years the identiﬁcation of certain demographic attributes, such
as gender, age and race, has involved various research areas, including computer vision. Here we concentrate on the automatic gender recognition problem
from face images. Such a system has various applications. Examples include
behaviour adaptation of intelligent user interfaces and adaptive advertising billboards. A system that stores the gender of each customer could help to collect
demographic statistics in order to evaluate the eﬀectiveness of the marketing
strategies. Furthermore, video surveillance systems could ﬁrst use gender identiﬁcation in order to reduce the search space in their database, yielding a much
more eﬃcient retrieval process.
The gender recognition task seems to be eﬀortless for humans. In fact, an
individual is able to distinguish a male from a female by simply observing the
face [1]. It also seems that the visual system of our brains has developed neurons
that are selective for faces [2]. The detection of the facial features, such as beard
or mustache, eyes, earrings, make-up among others, could be very challenging for
a computer vision algorithm. These problems are mainly due to the variations in
pose, facial expressions, occlusions, and changes in illumination. Other challenges
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include the intra-variation within the two classes due to age and racial features.
Nevertheless, most of the methods [3–5] perform gender recognition by using
only features that are extracted from faces.
A typical facial gender recognition algorithm carries out four steps: (i) face
detection; (ii) pre-processing; (iii) feature extraction; and (iv) binary classiﬁcation. Most of the approaches use the Viola-Jones algorithm [6] for face detection
and the Support Vector Machine [7] for classiﬁcation. The main diﬀerence lies
in the type of features extracted from faces. The most used features for gender recognition are the pixel intensity values, the Local Binary Pattern (LBP)
descriptor and the ﬁducial distances. The latter are the distances between speciﬁc facial points (e.g. eye corners, face contour, tip of the nose) and have been
widely used in recent years for face recognition [5,8].
The pixel intensity values, also called raw features, can be directly used
to train a binary classiﬁer for gender recognition. Sometimes, the raw feature
extraction is carried out after a pre-processing step, in order to deal with pose
(face alignment) and brightness variations (histogram equalization). Techniques
such as principal component analysis (PCA) have also been used to reduce the
dimensionality of the feature vectors [3,9,10].
The histograms of LBP features [11] in the face region are often used as
discriminative feature vectors for gender classiﬁcation [12]. Other methods that
combine LBP and shape features were proposed in [4,13], where pixel intensity
values were also considered.
A diﬀerent approach is based on the search of the facial landmarks, the socalled ﬁducial points, and their mutual spatial arrangement. These points could
be labeled by hand or using predeﬁned masks like the Active Shape Model (ASM)
[14]. The distances between these ﬁducial points are used as discriminant features
for gender recognition [8]. Deep learning and convolutional neural networks have
also been proposed for the localization of facial landmarks [5].
The contribution of our work is two-fold. First, we take the majority vote
from the output of three SVM classiﬁers that are conﬁgured with diﬀerent types
of features, namely HOG [15], LBP and raw pixels. We demonstrate that shape,
texture and raw features are orthogonal to each other as we achieve considerable higher accuracy when combining them. Second, we evaluate our method
on a subset of the FERET [16], a standard benchmark dataset for face recognition, which we collected speciﬁcally for gender recognition purposes. We made
it publicly available with the name GENDER-FERET [17], thus our results are
reproducible and can be compared with new approaches.

2

Method

Figure 1 shows the architecture of the proposed method. First we perform face
detection using the Viola-Jones algorithm [6]. Then we crop the detected face and
resize it to 128 × 128 pixels. We transform the image into a (128 × 128 =) 16384element feature vector and divide each element by 255 so that all dimensions
have the same range of [0,1].
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Fig. 1. Architecture of the proposed method

We apply the LBP descriptor [11] to the entire image by comparing the
intensity value of each pixel with a 3×3 neighbourhood. We use a spatial tiling of
3 × 3 and generate a 256-element L2-normalized histogram for each tile. Finally,
we merge the nine histograms to form a (256 × 9 =) 2304-element vector for
each image. We use the LBP histogram-based descriptors with an SVM classiﬁer
characterized by a histogram intersection kernel.
As to the HOG descriptor we ﬁrst compute the gradient and angle of every
pixel by considering the responses of ﬁrst-order partial derivatives of a 2D
Gaussian function with a σ = 1. Then we sample blocks of 32 × 32 pixels that
overlap by 50 % and for each block we use a spatial tiling of 2 × 2. For each
tile we compute the L2-normalized weighted histogram of 9 bins (in intervals
of 20◦ ), clip the normalized values at 0.2 and normalize again. Considering we
use face images of size 128 × 128 pixels, the HOG descriptor results in a (7
blocks × 7 blocks × 4 tiles × 9 bins =) 1764-element vector. Similar to the
LBP-based descriptor, since this descriptor is based on histograms, we train an
SVM classiﬁer with a histogram intersection kernel.
The result of each classiﬁer is a pair of probabilities that a given image has a
male or a female face. In order to come up with a decision we sum the three male
probabilities and the three female probabilities and if the total male probability
is greater than the total female probability then we label the given face image
to be a male otherwise a female.

3

Evaluation

Despite the eﬀort of the Benchmarking Facial Image Analysis Technologies
(BeFIT) [18], there is not yet a standard dataset for the evaluation of gender recognition algorithms. Most of the available datasets are designed for face detection
and recognition. FERET [16] is among the most important benchmark datasets
for face recognition, but it does not provide gender annotations. For this reason,
we extracted a subset of FERET by choosing only the frontal images, without
variations in pose, but with diﬀerent expressions, backgrounds and illumination
conditions, as shown with some examples in Fig. 2. The dataset is balanced, so we
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Fig. 2. Examples of faces in the GENDER-FERET dataset. The bounding boxes indicate the faces detected by Viola-Jones [6]. The images in the last column are (top) the
average male face and (bottom) the average female face of this dataset.
Table 1. Experimental results. The ﬁrst 5 columns show the combination of features
that we use. Every set of features is combined with an SVM classiﬁer whose type of
kernel, Linear or Histogram Intersection (H.Int) is speciﬁed underneath. The last ﬁve
columns show the results in terms of male (M) and female (F) true positives (TP) and
false positives (FP), along with accuracy.
Raw
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F
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Face++ [19]

233

190

3

46

89.6

Luxand [20]

235

186

1

50

89.2



have the same number of male and female images (473 m, 473 f). Then we selected
50 % of the images to form a training set (237 m, 237 f) and the remaining 50 %
to form a test set (236 m, 236 f). The face of a person is either in the training or
in the test set, but not in both. Diﬀerent variations in expression, facial features,
background and illumination were also considered in both sets. We call the newly
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formed dataset GENDER-FERET and make it publicly available [17]. We use the
accuracy rate as a performance measurement on the test set.
As shown in Table 1, the accuracy is above 85 % using any combination of
feature or classiﬁer. The classiﬁer that relies on only raw pixel values achieves
88.3 % of accuracy, which is better than both the LBP- and the HOG-based
classiﬁers. Performance signiﬁcantly increases when we combine the decisions
of diﬀerent classiﬁers. Using only linear SVMs the highest accuracy that we
achieve is 90.9 %, while the best accuracy (92.6 %) is achieved using histogram
intersection kernel for both the LBP and HOG classiﬁers.
Since there are no standard datasets for the gender recognition algorithms,
the comparison with the results published in other studies is infeasible. For a
more realistic comparison on the same test set, we apply the commercial libraries,
namely Face++ [19] and Luxand [20]. In Table 1 we also report the results of
these commercial methods, which are substantially lower than the performance
achieved by our method.

4

Discussion and Conclusion

We propose a method for gender recognition from face images using a fusion of
SVM classiﬁers. The method has been evaluated on the new GENDER-FERET
dataset, which includes variations in expressions, facial features, background and
illumination. The experimental results show that by taking the majority vote of
three SVM classiﬁers we are able to signiﬁcantly improve the performance of
gender recognition from face images. The result suggests that the HOG-, LBP-,
and pixel-based descriptors, which essentially describe the properties of shape,
texture and intensity distribution, are complementary features. By using the
majority vote rule, we can exploit the abilities of the three classiﬁers, and come
to a more certain decision.
The confusion matrices reported in Table 1 show that our method has a good
generalization ability, while Face++ and Luxand seem to be specialized in the
recognition of males. It is important to note that we could not train the Face++
and Luxand algorithms on the same training set that we used to conﬁgure our
system. This is because only the preconﬁgured versions of these algorithms are
available. In future work we will use larger and heterogeneous datasets in order
to evaluate the generalization ability of the classiﬁer and to compare the performance of the proposed method in even more challenging situations.
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